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Abstract  Lung cancer is one of the most prevalent diseases in the world. Recently, PNGGOs (Pure nodular ground-glass 
opacity) have been reported to increasing aspect for all CT-detected pulmonary nodules. Moreover, the malignancy rate of 
PNGGOs is a considerable proportion of benign diseases. In this study, we have developed a computerized classification 
scheme of PNGGOs malignancy. Segmentation of PNGGOs was performed semi-automatically. After that, the histogram 
based statistical features and region based features of benign and malignant GGO was extracted. Finally, K-means classifier 
was applied. Experiment was performed employing 12 CT image sets and 91.67% of accuracy was achieved.  
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1. Introduction 
A PNGGO (pure nodular ground-glass opacity), also 
referred to as a ground-glass opacity nodule is defined as 
nodule showing hazy increased attenuation within the 
lung that does not obscure the bronchial and vascular 
margins on CT [1]. In the screening situations, PNGGOs 
have been reported to consist of 5.5-12% of all CT-detected 
pulmonary nodules [2]. For that reason, PNGGOs are one 
of the important features in lung cancer diagnosis of CAD 
(Computer-aided Diagnosis). Pulmonary PNGGOs are a 
kind of non-specific CT findings, however, when the 
lesions persist, these lesions have a possibility of 
malignancies including bronchioloalveolar carcinoma  
(BAC), and pulmonary adenocarcinoma (AD), or benign 
diseases including atypical adenomatous hyper-plasia 
(AAH) and focal interstitial fibrosis (FIF), but even most 
of these are benign. [2] 
Some studies of pathologically proven cases have 
shown PNGGOs malignancy rates of 18% to 48% [3-6]; it 
is shown that, PNGGOs has considerable proportion of 
benign diseases. Therefore accurate estimation between 
malignant and benign lesions is important in order to 
reduce the number of unnecessary surgeries [2]. 
Therefore, the purpose of this study was to compare 
the statistical analysis and develop an automated scheme 
to classification of PNGGOs in the lung at CT following 
below step. Segmentation of PNGGOs is performed by 
threshold technique. After that, Euclidean distance 
between the histogram based statistical features of benign 
and malignant GGO is extracted. Finally, K-means 





2. Materials and Methods  
2. 1. Patients 
From July 2004 to July 2007, we selected patients with 
PNGGOs identified on thin-section CT. Inclusion criteria 
were PNGGOs no greater than 3cm on thin-section CT 
and pathologically confirmed cases. We identified 12 
patients (four man, eight women; age range, 46-70 years; 
mean age, 58 years) having PNGGOs in the lung. Of these 
patients, 12 PNGGOs (malignant, 6 lesions; benign, 6 
lesions) in 12 patients were confirmed pathologically 
(AAH, 5 patients; FIF, 1 patients; AD, 4 patients; BAC, 2 
patient) 
 
2. 2. PNGGOs Segmentation in ROI 
The PNGGO regions were segmented by using a 
threshold and labeling technique [7]. The lower threshold 
values are automatically determined by analyzing the 
histogram of the marked ROI in CT images. After 
segmenting the GGO lesion, we manually correct the 
segmented region for removal vessels and produce the 
better segmentation result due to the large overlap of 




Figure 2. PNGGOs images with marked ROI. 
 
(a)                        (b) 
Figure 3. (a) PNGGO ROI, (b) Segmentation result. 
 
2. 3. Statistical Feature Extraction 
For each segmented regions of PNGGOs, we calculated 
eight statistical features as shown in Table 1. 
 
Table 1. Statistical features and their abbreviations 
Feature Abbreviation 
Mean MEAN 
Central Moment 2  CM 2 
Central Moment 3  CM 3 






2. 4. K-means Clustering Algorithm 
In this initial study, we used K-means clustering 
algorithms ([8], [9]) as the classification method. K-means 
minimizes the sum of the Euclidean distances from all 
feature vectors in a cluster to the cluster center.  
The input value of K-means was statistical features of 
each segmented regions of PNGGOs with K=2. The 
K-means algorithm returns two clusters and two centers 
as hyper-spheres. Generally, malignant PNGGOs have 
higher CT numbers than benign PNGGOs [5]. Therefore, 
we expected 8 statistical features will be useful in 
classification into benign or malignant classes. 
  
3. Results 
A box ROI region (green rectangle) is manually marked 
then segmentation method is applied as described in 
Figure 4, 5.  
 
Figure 4. ROI region (left image), Cropped image 
(right-upper), Segmented image (right-lower) 
 
 
Figure 5. ROI region (left image), Cropped image 
(right-upper), Segmented image (right-lower) 
 
 We applied the PNGGO classification method to 12 CT 
images containing 12 nodules. The classification method 
detected the 6 of 6 benign nodules and the 5 of 6 
malignant nodules, containing all of the benign nodules 
and one false negative malignant nodule as shown in 
Table 2. Therefore, the sensitivity was 83.3% and 
specificity was 100%, yielding 91.6% accuracy. 
 
Table 2. Comparison of pathologic diagnosis and result 








1 AAH 0 0 
2 AAH 0 0 
3 AAH 0 0 
4 FIF 1 1 
5 AAH 0 0 
6 AAH 0 0 
7 FIF 0 0 
8 AD 1 1 
9 AD 1 1 
10 BAC 1 0 
11 BAC 1 1 
12 AD 1 1 
AAH: atypical adenomatous hyper-plasia 
BAC: bronchioloalveolar carcinoma, 




 We applied the K-means clustering algorithm for 
automatic classification of malignant PNGGOs. Our 
automatic classification method consisted of two steps, 
PNGGOs segmentation and classification of malignant 
nodule. For PNGGOs segmentation, a box ROI was fist 
manually marked. Then, the marked regions were 
segmented by threshold technique. Finally, segmented 
regions were classified by K-means. 
Our method applied to 12 CT images with 12 nodules, 
and 91.67% of accuracy was achieved. Our result showed 
that K-means classifier with statistical features can 
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